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RESEARCH ARTICLE Open Access
Exome genotyping, linkage disequilibrium
and population structure in loblolly pine
(Pinus taeda L.)
Mengmeng Lu1,2, Konstantin V. Krutovsky1,2,3,4,5*, C. Dana Nelson6,7, Tomasz E. Koralewski1, Thomas D. Byram1,8
and Carol A. Loopstra1,2
Abstract
Background: Loblolly pine (Pinus taeda L.) is one of the most widely planted and commercially important forest
tree species in the USA and worldwide, and is an object of intense genomic research. However, whole genome
resequencing in loblolly pine is hampered by its large size and complexity and a lack of a good reference. As a
valid and more feasible alternative, entire exome sequencing was hence employed to identify the gene-associated
single nucleotide polymorphisms (SNPs) and to genotype the sampled trees.
Results: The exons were captured in the ADEPT2 association mapping population of 375 clonally-propagated loblolly
pine trees using NimbleGen oligonucleotide hybridization probes, and then exome-enriched genomic DNA fragments
were sequenced using the Illumina HiSeq 2500 platform. Oligonucleotide probes were designed based on 199,723
exons (≈49 Mbp) partitioned from the loblolly pine reference genome (PineRefSeq v. 1.01). The probes covered 90.2 %
of the target regions. Capture efficiency was high; on average, 67 % of the sequence reads generated for each tree
could be mapped to the capture target regions, and more than 70 % of the captured target bases had at least 10X
sequencing depth per tree. A total of 972,720 high quality SNPs were identified after filtering. Among them, 53 % were
located in coding regions (CDS), 5 % in 5’ or 3’ untranslated regions (UTRs) and 42 % in non-target and non-coding
regions, such as introns and adjacent intergenic regions collaterally captured. We found that linkage disequilibrium (LD)
decayed very rapidly, with the correlation coefficient (r2) between pairs of SNPs linked within single scaffolds decaying
to half maximum (r2 = 0.22) within 55 bp, to r2 = 0.1 within 192 bp, and to r2 = 0.05 within 451 bp. Population structure
analysis using unlinked SNPs demonstrated the presence of two main distinct clusters representing western and
eastern parts of the loblolly pine range included in our sample of trees.
Conclusions: The obtained results demonstrated the efficiency of exome capture for genotyping species such as
loblolly pine with a large and complex genome. The highly diverse genetic variation reported in this study will be a
valuable resource for future genetic and genomic research in loblolly pine.
Keywords: Loblolly pine, Exome sequence capture, Target enrichment, Genotyping by sequencing, Linkage
disequilibrium, Population structure, SNPs
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Background
Southern forests dominated by pines contain one third of
the entire forest carbon in the contiguous U.S. [1]. Among
the southern pines, loblolly pine is the most common,
productive and valuable commercial timber species due to
its rapid growth and vast territory, comprising 80 % of the
planted forestland and over one half of the standing
volume in the southern U.S. The native range of loblolly
pine extends south from New Jersey to central Florida,
and west to central Texas, occupying 55 million acres of
forest land [2, 3]. Since forests capture and store carbon
dioxide through photosynthesis, the widely planted
loblolly pine in the southern U.S. provides great value in
offsetting atmospheric carbon dioxide and mitigating cli-
mate changes caused by greenhouse gas emissions [4, 5].
Genomic tools and resources that focus on the dissec-
tion of complex traits are revolutionizing traditional
loblolly pine breeding and assist with the breeding and
deployment of genotypes better adapted to climate
change and able to sequester greater amount of carbon.
Two key prerequisites for development and application
of genomics-assisted breeding are the characterization of
the genetic variation and the collection of genome-wide
molecular markers. A high level of genetic polymorph-
ism is expected in loblolly pine due to its life traits,
typical for conifer species, such as longevity, wide geo-
graphic distribution, large effective population size and
high outcrossing rate. This was confirmed in early stud-
ies with isozymes [6, 7], DNA-based markers [8–10],
and especially more recently with SNP [11–13] markers.
About 4000 SNP markers have been genotyped in the
previous association genetics studies [11, 13, 14], but
many more markers are needed for genomic selection
[15–18].
In the previous loblolly pine association mapping
studies, an Illumina Infinium high-throughput SNP
genotyping array developed for multiplex genotyping of
7216 SNP markers was used to dissect genetic control of
diverse phenotypic traits [11, 13, 14, 19–21]. These SNPs
were derived originally from amplicon sequencing data
based on a relatively small, but range-wide sample of 18
loblolly pine megagametophytes and using PCR primers
that were designed using unigene contig sequences
assembled from expressed sequence tag (EST) se-
quences. Finally, about 4000 SNPs from this 7 K SNP
array were polymorphic or could be genotyped in
follow-up studies [11, 13, 14, 19–21].
Given adequate geographic distribution sampling, the
genetic structure underlying loblolly pine populations
could also be elucidated using SNPs. For instance, Eckert
et al. [19] analyzed SNP and simple sequence repeat
(SSR) markers among 907 rangewide loblolly pine trees
and found that the population structure reflected mainly
the Mississippi River discontinuity.
Efficiency of marker-assisted breeding and genomic
selection depends largely on genome wide linkage disequi-
librium (LD). Brown et al. [12] found substantial historic
recombination between SNPs in the sampled alleles se-
quenced in 19 genes and demonstrated that LD signifi-
cantly declined within 2 Kb in loblolly pine. A genome
wide study by Chhatre et al. [11] confirmed rapid LD decay
in loblolly pine. These studies suggested that a very large
number of markers would be required to link phenotypes
to genotypes in association mapping studies and in gen-
omic selection of this species. Therefore, for a species such
as loblolly pine with a large genome and rapid LD decay,
even thousands of markers cannot meet the requirement
of identifying all important functional genomic regions.
Fortunately, genotyping by sequencing (GBS), which en-
ables simultaneous marker discovery and genotyping, has
facilitated the generation of large numbers of molecular
markers [22]. Nevertheless, the large size and complex
structure of the loblolly pine genome pose challenges for
the whole genome resequencing. The loblolly pine gen-
ome assembly v. 1.01 spans 23.2 Gbp and contains 14.4
million scaffolds [23]. Tentatively, 50,172 putative genes
with an average length of 2.7 Kbp have been annotated in
the current loblolly pine genome assembly [24]. Moreover,
various highly repetitive DNA elements compose up to
82 % of the loblolly pine genome, among which retro-
transposons dominate and comprise 62 % of the genome
[23, 24]. Therefore, reduction of genome complexity is
highly desired for application of GBS to loblolly pine.
In our study, we used the entire exome region for
target enrichment to limit GBS to mostly coding regions,
which represent only ~40–60 Mbp of sequence space or
less than 0.2 % of the entire loblolly pine genome. In the
previous studies, technologies for solution-based enrich-
ment of target regions of interest have been developed for
loblolly pine [25–27]. Capture size has been significantly
expanded due to the improvement in probe design and
capture efficiency, making it possible to capture up to 200
Mbp of target sequence with a single design (NimbleGen
SeqCap EZ Developer Enrichment Kit). These develop-
ments made it possible for us to target and enrich the
entire loblolly pine exome, thus greatly enlarging the avail-
able number of molecular polymorphisms in loblolly pine.
In this study, we describe the probe design and
efficiency of the loblolly pine exome capture using the
NimbleGen SeqCap EZ method in a population sample
containing 375 clonally-propagated trees from an associ-
ation mapping population generated for the Allele Discov-
ery of Economic Pine Traits II (ADEPT 2) project [14].
Counties of origin are known for 362 out of 375 maternal
trees (Fig. 1). SNPs were identified by aligning the exome
capture sequences to loblolly pine genome assembly v.
1.01 [28]. The inferred SNP genotypes were then applied
to study LD decay and population structure.
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Results and discussion
Exome target enrichment hybridization probe design and
assessment
Sequence capture oligonucleotide probes were designed
using 199,723 exons in 48,391 (34,059 full-length and
14,332 partial-length) high quality tentative genes listed
in gene annotation v. 2.0 for loblolly pine genome as-
sembly v. 1.01 [24]. The final probe set used in this study
is available from Roche NimbleGen as custom SeqCap
EZ design “140422_Ptaeda_Exome_ML_EZ_HX3”. Ap-
proximately 2.1 million single strand oligonucleotide
probes were designed and produced in total that covered
90.2 % (46,206,684 bp) of the target regions. The regions
not covered (gaps) were areas where the probe selection
algorithm could not find a valid probe. These gaps
usually represented repetitive DNA regions that, if in-
cluded, could be expected to cause problems by captur-
ing other homologous regions in the genome and,
therefore, decrease capture and mapping efficiency.
In the first published study of exome capture in loblolly
pine, 54,773 probes representing 6.57 Mbp of target
exome were designed using 14,729 unique transcripts
derived from the assembly of ESTs [26]. However,
the unavailability of a reference genome and, therefore,
lack of information on the exon-intron boundaries, nega-
tively affected the probe design. This caused insufficient
capture and cross-hybridization and decreased the capture
efficiency. This problem was mitigated in our exome
capture study, because the probe set covered almost the
entire exome and its design took into account the exon-
intron structure. The designed probe set covered ~46 Mbp
of target exome and included previously uninvestigated
genomic regions. The risk of capturing pseudogenes was
decreased by using only genes classified as “high quality”
to design the probes. A key concern during the probe
design was the exclusion of those probes that might cross-
hybridize with non-target regions and repetitive elements,
especially considering that 82 % of the loblolly pine
genome consists of the highly repetitive sequences [23]. In
this study, the preliminary probes were stringently filtered
to exclude possible cross-hybridization with non-target
regions and repetitive elements. Although the capture
size could be potentially expanded, if the filtering criteria
had been relaxed, the stringent filter guaranteed the
hybridization specificity and prevented cross-hybridization.
Exome capture sequence alignment and efficiency
We multiplexed ten individually amplified and uniquely
barcoded trees per library for capture hybridization,
enrichment, and sequencing. After demultiplexing and
filtering, we obtained between 25.25 and 60.55 million se-
quence reads per tree. The reads of each tree were mapped
to loblolly pine genome assembly v. 1.01 [23, 24, 28]. Nearly
99 % of the sequence reads were mapped to the reference
genome assembly. In order to improve the SNP discovery
accuracy, the mapped reads were further filtered and only
Fig. 1 The counties of origin of the maternal trees colored by states. This map shows the sampling sites of the 362 out of 375 maternal parents
of the ADEPT2 population used in this study
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the uniquely mapped, properly paired (correctly oriented
with respect to one another) and non-redundant reads were
used for downstream analyses. After filtering, 62–75 % of
the total reads (71 % per tree on average) were used for
SNP calling (Additional file 1: Table S1).
Capture breadth and depth were investigated to examine
capture efficiency and target specificity. For the uniquely
mapped, properly paired, and non-redundant reads for each
tree, we calculated the number of reads that mapped to the
capture target regions using the BEDtools software v.
2.23.0-20-gada04b6 [29]. On average, 67 % of the reads per
tree (59–74 %) mapped to the capture target regions.
Additional non-target captured sequences included those
adjacent to target or homologous regions. Between 91 and
95 % of the capture target regions were covered by at least
one read. The number of covered capture target bases was
weakly and positively correlated with an increase in sequen-
cing output (Fig. 2a; r2 = 0.23, P < 0.001).
Coverage depth among the 375 trees was generally uni-
form and it was consistent across target regions. Among
all the trees, at least 83 % of the capture target bases had
coverage of 5X, 72 % - 10X, and 49 % - 20X (Fig. 3). The
number of target bases with coverage depth of 10X or
greater (Fig. 2b) seemed to change approximately linearly
within a limited range of the total number of reads at
about 37–55 million. Below this range, the number of cap-
tured bases increased faster than within the range. But the
effect of increasing became weaker above 55 million. The
mean coverage depth (Fig. 2c) increased linearly as the
total sequencing output increased (r2 = 0.72, P < 0.001), al-
though the variance seemed slightly increased for the
lower numbers of the total number of reads.
Multiplexing individually and uniquely indexed samples
before capturing and sequencing greatly saves time and
money and has become a standard procedure in sequence
capture experiments. However, sufficient sequencing
depth (output) is still needed to guarantee a higher cover-
age depth on the target regions. Fig. 2b and c demonstrate
that the coverage depth is positively correlated with the
sequencing output. Therefore, multiplexing should be rea-
sonable and should ensure sufficient on-target coverage
depth to avoid problems associated with low SNP detec-
tion power. In our study, an uneven number of sequen-
cing reads across different individual tree samples could
be mainly due to multiplexing of unequal amounts of the
sample libraries.
Some of the reads could not be mapped to the reference
genome, likely due to either incomplete assembly of the
reference genome or multiple sequencing errors in the
reads that exceeded the mismatch tolerance threshold of
the mapping parameters. Although the probes were filtered
for cross-hybridization prior to the actual hybridization
step, further filtering of the multi- and improperly mapped
reads was important in order to retain only the high quality
mapped reads for downstream analyses. Similarly, the re-
dundant reads were also filtered to remove the potential
PCR duplicates and to correct the coverage depth.
The read mapping results demonstrated a high level of
on-target efficiency in this research. This guarantees the
target regions have enough coverage depth. Less than 9 %
of the target regions had no matching reads. The main
reason for this was that the probes covering these regions
were filtered out to avoid cross-hybridization. It should
also be noted that the current reference genome assembly
Fig. 2 Relationship between reads and capture target bases. a Relationship between reads and numbers of covered capture target bases.
The numbers of captured target nucleotide bases are plotted against total number of sequence reads obtained in 375 trees from exome capture
sequencing. The linear regression coefficient (r2) is 0.23 (P < 0.001). b Distribution of on-target coverage≥ 10x depth across the 375 trees.
The numbers of capture target bases with a coverage depth of ten or greater sequence reads per target are plotted against the total number of
sequence reads. The relationship seemed approximately linear within a limited range of the total number of reads at 37–55 million. c Distribution
of mean coverage depth across the 375 trees. The mean coverage depth is plotted against the total number of sequence reads. The linear
regression coefficients (r2) was significant (P < 0.001) and equalled 0.72
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is still under development and the target regions with no
matching reads could potentially be artifacts or mis-
assembled parts of the reference genome.
Single nucleotide polymorphism (SNP) discovery
SNPs were detected in 375 individual trees using the
SAMtools software v. 1.1 [30]. The raw SNPs were filtered
using the selection criteria of being bi-allelic sites with at
least 10X sequencing depth in at least 90 % of the individ-
uals, and with the minor allele frequency (MAF) ≥0.05. A
total of 972,720 SNPs were acquired for downstream
analyses. These SNPs were located in 38,702 scaffolds of
the loblolly pine reference genome assembly v. 1.01. A
maximum of 854 SNPs were detected in one scaffold.
Based on annotation of genomic regions, most of the
identified SNPs resided in exons, but some resided in
introns or unclassified regions. Among all the SNPs, 58 %
were located in exons with an average SNP density of 11.5
SNPs/Kbp (one SNP per 87 bp); 53 % were located in cod-
ing regions (CDS); 2 % in five prime untranslated regions
(5’ UTR); 3 % in three prime untranslated regions (3’
UTR) and 13 % in introns. By position relative to capture
target region, 51 % of all SNPs were located in capture tar-
get regions with an average SNP density of 13.2 SNPs/Kbp
(one SNP per 76 bp), and 49 % were located in off-target
regions (Table 1). The number of SNPs detected in exons
was more than in on-target regions because the capture
extended to the adjacent area of each target.
One of the most important goals of exome sequencing
is to identify the genetic variants that can be used in the
association mapping analysis to dissect the phenotypes
of interest. Such analyses require high quality SNPs, and
therefore we focused only on those SNPs, both within
and outside of exons, that passed the strict filtering
criteria described above.
Population genetics metrics
SNPs with a MAF less than 0.05 were excluded, there-
fore SNP allele frequencies ranged between 0.05 and 0.5
with a median of 0.14 (Additional file 2: Figure S1). The
average transition to transversion ratio (TS/TV) was 1.96
over all regions (Table 2, Additional file 3: Table S2).
Fig. 3 Cumulative distribution of coverage depth of captured target bases in 375 trees. Each line represents a single tree
Table 1 Number and percent of 972,720 SNPs located in
different genomic regions
Category SNPs Percent
Exon 564932 58.08
CDS 513652 52.81
5’ UTR 17693 1.81
3’ UTR 33587 3.45
Intron 127863 13.14
Unclassified 279925 28.78
On-target 498451 51.24
Off-target 474269 48.76
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This value was higher in CDS than in UTRs. The transi-
tion bias could be attributed to natural selection on the
nonsynonymous transversion, and the even higher ratio
for CDS could be caused by the increased presence of
methylated cytosine in CpG dinucleotides where the
methylated cytosine can easily undergo deamination and
transition to a thymine [31].
Heterozygosity and FIS were estimated on an individual
basis (Fig. 4). The results indicated a low inbreeding rate
and a high level of genetic diversity. Among all individuals,
the FIS values were generally below zero, ranging between
−0.24 and −0.06, except in tree 634A, where it was 0.21.
Heterozygosity was between 0.29 and 0.33 except in 634A,
where it was 0.21. These values were expected because
loblolly pine is a highly outcrossing and polymorphic
species. In addition, the ADEPT2 population was estab-
lished for association mapping with presumably unrelated
trees originally sampled from across a wide part of the
natural range. Tree 634A may be a progeny from selfing
or a mating between closely related trees.
After Bonferroni correction (adjusted P-value < 5e-8),
188,072 (19 %) out of 972,720 SNPs significantly
departed from Hardy-Weinberg equilibrium (HWE).
Nucleotide diversity (π) in different genomic regions was
estimated in a sliding window of 50 bp with a step of
25 bp (Additional file 4: Table S3). Regions out of
annotated genes had higher average nucleotide diversity
than in annotated genes. This could be due to selection
constraints. However, it should be noted that the highly
diverged sequences could not map to the reference
genome, hence biasing the diversity estimates.
Genome-wide linkage disequilibrium (LD)
LD is a non-random association of alleles at different
loci and may indicate the genetic forces that structure
the genome [32]. Investigations of genetic diversity and
LD are prerequisites for association mapping and help in
interpretation of results. We calculated the zygotic LD
(squared correlation coefficient r2) values for all SNP
pairs within each scaffold in the genome assembly and
plotted them against the physical distances between the
same SNP pairs in the scaffold (Fig. 5). The average LD
for linked SNPs was inferred from the trendlines of the
nonlinear regressions and started from 0.44, then
decayed by half (0.22) at 55 bp, to 0.10 at 192 bp, and to
0.05 at 451 bp. The proportion of SNP pairs located
within the same scaffold with r2 > 0.1 was 18 % in this
population, and with r2 > 0.8 it was 3 %.
Highly outcrossing conifers are expected to have a
rapid LD decay. Neale and Savolainen [33] reported that
the r2 decayed to less than 0.20 within ~1500 bp based
on 19 candidate genes in loblolly pine. In spruces, LD
displayed diverse patterns among different genes or the
same genes in different species, declining rapidly to half
between a few base pairs and 2000 bp [34]. In Douglas-
fir (Pseudotsuga menziesii), LD decayed > 50 % over
Table 2 Transition to transversion ratios (TS/TV) for 972,720 SNPs
categorized in different genomic regions
Total CDS Exon 5’ UTR 3’ UTR
1.96 1.98 1.93 1.58 1.45
Fig. 4 FIS (left) and heterozygosity (right) distributions among 375 trees
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relatively short segments from r2 = 0.25 to 0.10 within
2000 bp based on sequencing 18 genes [35]. LD
estimates in this study based on the exome-derived se-
quences indicated an even faster decay than previously
reported. This could be due to the much larger number
of gene regions analyzed in this study. The discrepancies
can be partly explained also by different methods used
for estimating LD. The abovementioned studies calcu-
lated gametic LD statistics r2 using megagametophyte
haplotypes, while in this study, zygotic LD between ge-
notypes was calculated. However, gametic LD can also
be calculated in our study based on the inferred (phased)
haplotypes. When we used the phased haplotypes
inferred by the software Beagle v. 4.1 [36] for the
972,720 SNPs to calculate gametic LD, a slower decay
was observed, with LD decaying by half (r2 = 0.22) at
79 bp and to r2 = 0.10 at 280 bp. The rate of LD decay
can vary between genes and across different genome
regions [34]. Therefore the generality of LD distribution
across the entire loblolly pine genome remains to be
further analyzed because only a relatively small and
highly specific part of the entire genome was studied
here. Our study relied also on the accuracy of contig and
scaffold assembly in the draft reference genome that
should be verified and ordered in the future studies.
Population structure
Evaluation of population structure is crucial for associ-
ation mapping. If not accounted for, population structure
may cause spurious associations between markers and
phenotypes [37]. The ADEPT2 population trees included
in this study were the clonally-propagated, open-
pollinated progeny of the originally sampled trees. The
maternal origins were known for 362 out of 375 trees. The
362 trees can be divided into two sub-samples based on
the geographic location of their maternal parents: 1) the
sub-sample west of the Mississippi River represented by
55 trees from four states, and 2) the sub-sample east of
the Mississippi River represented by 307 trees from eight
states. FST was estimated on a per-site basis following
Weir and Cockerham [38]. The FST range was between
-0.01 and 0.72, with a median of 0.0087 (Distribution of
FST values across all loci is presented in Additional file 5:
Figure S2). The mean FST was 0.026, and the weighted FST
was 0.028. Generally, the genetic differentiation between
these two sub-samples was relatively low, but statistically
significant.
We then applied the software fastStructure [39] to
infer the admixture proportion using our genotyping
data. We thinned the marker set to no more than a
single marker within 1 Mbp on each scaffold, which re-
sulted in a presumably unlinked set of 30,146 SNPs.
After testing a number of potential subpopulations (clus-
ters) with fastStructure, ranging from K = 1 to K = 12
(where K is the number of subpopulations or clusters),
we ran the recommended fastStructure algorithm for
multiple K to choose the appropriate number of model
components that explained structure in the dataset. The
Fig. 5 Linkage disequilibrium decay plot for 375 trees based on 972,720 SNP markers. Pairwise linkage disequilibrium coefficients (r2) calculated
for all 375 trees were plotted against the physical distances (bp) between all pairs of SNPs within the same scaffolds (left) and between pairs of
SNPs within the same scaffolds located within 4000 bp (right). The trendlines of the nonlinear regressions (r2) against physical distance between
the SNPs are indicated in red
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output showed model complexity that maximized mar-
ginal likelihood when K = 2, and the model components
used to explain structure in data when K = 7. Therefore,
we considered two and seven clusters as the most likely
subpopulation clustering explaining the relationship be-
tween admixture proportion and geographical sites.
A clear geographical trend could be observed when the
admixture proportions of each tree across clusters were
plotted on a map (Fig. 6a and b). The segment in each pie
chart corresponds to the summarized population assign-
ment inferred by the software. We further aligned the
admixture proportion of each tree with the longitude from
west to east (Fig. 6c and d). Strong statistical correlations
were observed between longitude and admixture propor-
tion (r2 = 0.75 when K = 2 and r2 = 0.74 when K = 7). In
Fig. 6c and d, vertical lines arranged from left to right cor-
respond to the individual trees according to their original
maternal parents’ geographic locations from west (Texas)
to east (North Carolina) in the southeastern U.S. Each ver-
tical line represents admixture proportions for an individ-
ual tree partitioned when K = 2 (Fig. 6c) or K = 7 (Fig. 6d).
The left 55 trees on the X-axis represent the trees west of
the Mississippi River, while the other trees are from east
of the Mississippi River.
It has been widely recognized that the glacial advance
and retreat have altered the landscape of the Mississippi
Valley and the species became restricted into glacial re-
fugia, thus high dissimilarity was formed between refugia
populations [40]. A postglacial barrier to dispersal was
created between populations located west and east of
the Mississippi River and thus decreased the gene ex-
change and increased the overall genetic variance in
some species [40, 41]. The discontinuity is also evident
in loblolly pine, as can be concluded from genetic differ-
entiation estimated in our study based on ADEPT2
population, and in the earlier studies that were based on
limited numbers of SNP and SSR markers [19, 42].
Conclusions
Our results demonstrated the efficiency of exome cap-
ture for genome-wide genotyping of a species with a
large, complex genome. We took advantage of target
sequence capture technology as well as the recently
released draft loblolly pine reference genome assembly
and annotation to design the exon specific probes across
a 49 Mbp target region. The capture efficiency and
specificity were high, paving the way for reliable SNP
calling. In total, 972,720 SNPs were detected from exon
associated sequences in an association mapping popula-
tion ADEPT2 that included clones of 375 loblolly pine
trees originally sampled across a wide range. This popu-
lation is highly heterozygous and consists of two distinct
subpopulations (genetic clusters), west and east of
Mississippi River, respectively. LD decayed faster than
previously reported suggesting that a great amount of
SNPs will be required for association mapping. The
highly diverse genetic variation reported in this study
provides a valuable resource for loblolly pine breeding
through marker-assisted selection and genomic selec-
tion. Further research, including genome wide associ-
ation studies and functional analyses of candidate genes,
is now possible and will contribute molecular tools for
selection of loblolly pine genotypes adapted to changing
climate scenarios.
Fig. 6 Summarized admixture proportion distributions for K = 2 and K = 7. a & b Summarized admixture proportions plotted on the map. Each
pie chart is partitioned via summarized population assignments inferred by fastStructure. c & d Individual tree admixture proportion distributions.
The trees are aligned on the x-axis according to the longitude from west to east
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Methods
Plant material and genomic DNA extraction
The population studied here was from the ADEPT2
project [14]. Maternal parents of the ADEPT2 population
were originally sampled across 12 states in the southeast-
ern U.S., extending from Virginia to Florida, and west to
central Texas (Fig. 1). Seeds were collected from the
maternal trees after open pollination. Trees were grown
from open-pollinated seeds for 1 year and then were
hedged and established for use in the ADEPT2 project. In
the spring of 2010, rooted cuttings from 384 trees (i.e.,
clones) of the ADEPT2 population were established at the
Harrison Experimental Forest at the Southern Institute of
Forest Genetics, near Saucier, Mississippi. Needle samples
were collected from 375 surviving clones for extraction of
genomic DNA in June 2012 and stored at -20 °C. Four
needles from each sample were ground in liquid nitrogen
to a fine powder. DNA was extracted using QIAGEN
DNeasy Plant Mini Kits following the standard protocol
except in the last step, where 1 × TE buffer with low
EDTA was used for elution. Genomic DNA samples with
OD260/OD280 ratios between 1.7 and 2.0 without signs
of degradation were used for downstream applications.
Probe design
Probes were designed using Gene Annotation v. 2.0 for
loblolly pine genome assembly v. 1.01 [23, 24]. We submit-
ted the 49,216,700 bp of sequence that represented
199,723 exons to Roche NimbleGen Inc. for sequence cap-
ture probe selection. The target regions were inferred using
the exon coordinates available in the files “ptaeda.v1.01
scaffolds.trimmed.all.genes.highq_whole.gff3”, which in-
cluded annotation for 34,059 full length, high quality genes,
and “ptaeda.v1.01 scaffolds.trimmed.all.genes.highq_par-
tial.gff3”, which included 14,332 partial length, high quality
genes. Exons shorter than 100 bp in length were extended
(padded) to 100 bp. After screening, a total of 196,068
exons (51,239,342 bp) were selected for probe design. A
relatively conservative threshold was used to design unique
probes that could tolerate no more than five single-base
indel or single nucleotide substitution mismatches with the
genome. The length of the probes varied between 50 and
100 bp. The average length was 76.5 ± 4.2 bp, with a me-
dian of 76 bp.
Sequencing library preparation and target enrichment
Each genomic DNA was diluted to 25 ng/μl in 1 × TE
buffer with low EDTA and 50 μl of each DNA solution
was fragmented to have an average size distribution of
~180–220 bp using a Covaris sonicator. KAPA Library
Preparation Kits (Illumina® Platforms) were used to con-
struct a library for each DNA sample. After post-ligation
cleanup and dual-SPRI size selection, the sample librar-
ies were amplified and checked for quality and quantity
using the Agilent 2100 Bioanalyzer and PicoGreen
dsDNA quantitation assays. The amplified sample library
was acceptable if the OD260/OD280 ratios were be-
tween 1.7 and 2.0, respectively, the yield was more than
1.0 μg, and the average fragment size was between 150
and 500 bp.
The Roche NimbleGen SeqCap EZ system was used
for hybridization and target enrichment. Briefly, equal
amounts of each of ten libraries representing uniquely
individually indexed and amplified trees were mixed in a
single exome enrichment and sequencing pool with a
combined mass of at least 1.25 μg. The multiplexed
paired-end sequencing libraries were hybridized with the
target sequence capture probes and the mixture was
incubated at 47 °C for 72 h. After wash and recovery
steps, the captured multiplex DNA samples were ampli-
fied and purified. Following quality check, the captured
multiplex DNA samples were loaded into Illumina
HiSeq 2500 flowcells (one exome enriched pool of 10
original sample libraries per a single flowcell lane) and
sequenced using 2 × 125 cycles at the Texas A&M
University Genomics and Bioinformatics Service (College
Station, Texas, USA).
Sequence read alignment and analysis
Sequence reads for each of the 375 trees were filtered and
demultiplexed. Then, the reads were mapped to loblolly
pine genome assembly v. 1.01 [23, 24, 28] using the
“mem” routine in the BWA software v. 0.7.12 [43] with
the default parameters. The SAM files were converted to
BAM files using the “view” routine in the SAMtools soft-
ware v. 1.1 [30]. The “flagstat” routine in the SAMtools
software was applied to calculate the mapping percentage
of reads. The reads were filtered by the “view” and “sort”
routines in the SAMtools software to acquire only the
uniquely mapped and properly paired sorted reads. The
“rmdup” routine in the SAMtools software was used to re-
move potential PCR duplicates from the filtered reads.
The “intersect” routine in the BEDtools software v. 2.23.0-
20-gada04b62.18 was applied to estimate the percentage
of reads on target regions and the “coverage” routine was
applied to visualize coverage of targeted DNA [29].
Raw SNPs were called using the “mpileup” routine in
the SAMtools software with 20 as the minimum map-
ping quality threshold for an alignment. The raw SNPs
were filtered for downstream analyses, and only those
that met the following criteria were kept: 1) 10× sequen-
cing coverage in no less than 90 % of all individuals. 2)
bi-allelic; 3) minor allele frequency greater than 0.05.
The VCFtools v. 0.1.12b software [44] was applied to
classify the SNPs according to their genomic regions and
their positions relative to capture target regions. The
SNP density was determined as the number of SNPs in a
given region divided by the length of that regions.
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Population genetics metrics
The VCFtools software was applied to calculate the
minor allele frequency (MAF), the ratio of transition to
transversion (Ts/Tv), individual heterozygosity and FIS,
and nucleotide diversity. The histogram graphs were
plotted using the ggplot2 v. 2.1.0 package in R v. 3.2.3
[45, 46]. The squared correlation coefficient between ge-
notypes (r2) on the same scaffold was used as an LD
measure and calculated using the “geno-r2” routine in
the VCFtools software. The trendline of LD decay along
physical distance were fitted by nonlinear regression fol-
lowing Hill and Weir [47]. R software was applied to dis-
play the results [46]. The FST was estimated using the
“weir-fst-pop” routine in the VCFtools software.
The SNP set was thinned to a single marker within
every 1 Mbp distance in each scaffold” and converted to
the PLINK software format using the “thin” and “plink”
routines in the VCFtools software. The PLINK format was
further converted to the PLINK BED format using the
“make-bed” routine in the PLINK software v. 1.9 [48]. The
fastStructure software with the simple prior was applied
to infer the most likely population structure by testing dif-
ferent number of potential subpopulations or clusters (K)
from 2 to 12 [39]. The recommended algorithm incorpo-
rated in fastStructure was applied to determine the rea-
sonable choice of K. The admixture proportions of each
individual were plotted using the Excel and R v. 3.2.3 [46].
Additional files
Additional file 1: Table S1. Mapping statistics of exome capture
derived sequence reads for 375 loblolly pine trees. (XLSX 44 kb)
Additional file 2: Figure S1. Minor allele frequency (MAF) distribution
among 972,720 SNPs. (PDF 53 kb)
Additional file 3: Table S2. Transition (TS) and transversion (TV)
nucleotide substitutions summary. Numbers of TS and TV for 972,720
SNPs in different genomic regions. (PDF 51 kb)
Additional file 4: Table S3. Nucleotide diversity (π) estimated in a
sliding window of 50 bp with a step of 25 bp in different genomic
regions. (PDF 59 kb)
Additional file 5: Figure S2. FST distribution across all loci. The range is
between -0.01 and 0.72, with a median of 0.0087. The mean FST is 0.026,
and the weighted FST is 0.028. (PDF 59 kb)
Abbreviations
CDS: Coding sequence; EST: Expressed sequence tag; GBS: Genotyping by
sequencing; LD: Linkage disequilibrium; SNP: Single nucleotide
polymorphism; UTR: Untranslated region
Acknowledgements
We thank Dr. Jill Wegrzyn and PineRefSeq Project team for providing the
draft loblolly pine reference sequences, exon annotation and bioinformatics
assistance, Texas A&M Institute for Genome Sciences and Society (TIGSS) for
providing computational resources and system administration support for
the TIGSS HPC Cluster, and Texas A&M University Genomics and
Bioinformatics Services for providing sequencing service. Special gratitude
goes to Dr. Vikram Chhatre, Jeffery Puryear and technicians (Gay Flurry,
Chance Parker, Chuck Burdine) of the Harrison Experimental Forest at
Southern Institute of Forest Genetics for the sample collection and grinding.
This study was funded by the Pine Integrated Network: Education,
Mitigation, and Adaptation Project (PINEMAP), a Coordinated Agricultural
Project funded by the USDA National Institute of Food and Agriculture,
Award #2011-68002-30185.
Availability of supporting data
The data sets supporting the results of this article are included within the
article and additional files. The raw SNP data and Illumina HiSeq short read
sequences are deposited in the NCBI Single Nucleotide Polymorphism
Database (dbSNP) (accession numbers ss1995911273-ss1996900602; http://
www.ncbi.nlm.nih.gov/SNP) and Sequence Read Archive (SRA) (accession
number SRP075763; http://www.ncbi.nlm.nih.gov/sra).
Authors’ contributions
ML performed the sequence data mining and analysis, SNPs genotyping and
wrote the manuscript. KVK and CAL conceived and designed the study,
coordinated the research and participated in the drafting of the manuscript.
CDN and TDB helped with sampling and interpretation. TEK participated in
the probe design and helped with data analysis. All authors read and
approved the final manuscript.
Competing interests
The authors declare that they have no competing interests.
Author details
1Department of Ecosystem Science and Management, Texas A&M University,
2138 TAMU, College Station, TX 77843-2138, USA. 2Molecular and
Environmental Plant Sciences Program, Texas A&M University, 2474 TAMU,
College Station, TX 77843-2474, USA. 3Department of Forest Genetics and
Forest Tree Breeding, Georg-August-University of Göttingen, Göttingen
37077, Germany. 4N. I. Vavilov Institute of General Genetics, Russian Academy
of Sciences, Gubkina Str, Moscow 119333, Russia. 5Genome Research and
Education Center, Siberian Federal University, 50a/2 Akademgorodok,
Krasnoyarsk 660036, Russia. 6USDA Forest Service, Southern Research Station,
Southern Institute of Forest Genetics, 23332 Success Road, Saucier, MS 39574,
USA. 7University of Kentucky, Forest Health Research and Education Center,
730 Rose Street, Lexington, KY 40546, USA. 8Texas A&M Forest Service, 2585
TAMU, College Station, TX 77843-2585, USA.
Received: 19 May 2016 Accepted: 9 September 2016
References
1. Turner DP, Koerper GJ, Harmon ME, Lee JJ. A carbon budget for forests of
the conterminous United States. Ecol Appl. 1995;5(2):421–36.
2. Baker JB, Langdon OG. Pinus taeda L. loblolly pine. In: Burns RM, Honkala
BH, editors. Silvics of North America. Washington, DC: Department of
Agriculture, Forest Service; 1990. p. 497–512.
3. Huggett R, Wear DN, Li R, Coulston J, Liu S. Forecasts of forest conditions.
In: The southern forest futures project technical report. USDA forest
service southern research station. 2011. http://srs.fs.usda.gov/futures/
technical-report/. Accessed 17 May 2011.
4. Millar CI, Stephenson NL, Stephens SL. Climate change and forests of the
future: managing in the face of uncertainty. Ecol Appl. 2007;17(8):2145–51.
5. Bolte A, Ammer C, Löf M, Madsen P, Nabuurs G-J, Schall P, et al. Adaptive
forest management in central Europe: climate change impacts, strategies
and integrative concept. Scand J For Res. 2009;24(6):473–82.
6. Adams WT, Joly RJ. Linkage relationships among twelve allozyme loci in
loblolly pine. J Hered. 1980;71(3):199–202.
7. Conkle MT. Isozyme variation and linkage in six conifer species. In: Conkle
MT, technical coordinator. Proc. Symp. Isozymes North Am. Forest Trees and
Forest Inspects. Gen. Tech. REP. PSW-48. Berkeley, California: Pacific SW
Forest and Range Exp. Sta.; 1981. p. 11-17.
8. Devey M, Fiddler T, Liu B, Knapp S, Neale D. An RFLP linkage map for
loblolly pine based on a three-generation outbred pedigree. Theor Appl
Genet. 1994;88(3-4):273–8.
9. Harry D, Temesgen B, Neale D. Codominant PCR-based markers for Pinus
taeda developed from mapped cDNA clones. Theor Appl Genet.
1998;97(3):327–36.
Lu et al. BMC Genomics  (2016) 17:730 Page 10 of 11
10. Remington D, Whetten R, Liu B-H, O’Malley D. Construction of an AFLP
genetic map with nearly complete genome coverage in Pinus taeda.
Theor Appl Genet. 1999;98(8):1279–92.
11. Chhatre VE, Byram TD, Neale DB, Wegrzyn JL, Krutovsky KV. Genetic
structure and association mapping of adaptive and selective traits in the
east Texas loblolly pine (Pinus taeda L.) breeding populations. Tree Genet
Genomes. 2013;9(5):1161–78.
12. Brown GR, Gill GP, Kuntz RJ, Langley CH, Neale DB. Nucleotide diversity and
linkage disequilibrium in loblolly pine. Proc Natl Acad Sci U S A. 2004;
101(42):15255–60.
13. Eckert A, Pande B, Ersoz E, Wright M, Rashbrook V, Nicolet C, et al. High-
throughput genotyping and mapping of single nucleotide polymorphisms
in loblolly pine (Pinus taeda L.). Tree Genet Genomes. 2009;5(1):225–34.
14. Cumbie WP, Eckert A, Wegrzyn J, Whetten R, Neale D, Goldfarb B. Association
genetics of carbon isotope discrimination, height and foliar nitrogen in a
natural population of Pinus taeda L. Heredity. 2011;107(2):105–14.
15. Jannink J-L, Lorenz AJ, Iwata H. Genomic selection in plant breeding: from
theory to practice. Brief Funct Genomics. 2010;9(2):166–77.
16. Resende MF, Muñoz P, Resende MD, Garrick DJ, Fernando RL, Davis JM, et
al. Accuracy of genomic selection methods in a standard data set of loblolly
pine (Pinus taeda L.). Genetics. 2012;190(4):1503–10.
17. Desta ZA, Ortiz R. Genomic selection: Genome-wide prediction in plant
improvement. Trends Plant Sci. 2014;19(9):592–601.
18. Resende Jr M, Muñoz P, Acosta JJ, Peter GF, Davis JM, Grattapalia D, et al.
Accelerating the domestication of trees using genomic selection: accuracy
of prediction models across ages and environments. New Phytol. 2012;
193(4):617–24.
19. Eckert AJ, van Heerwaarden J, Wegrzyn JL, Nelson CD, Ross-Ibarra J,
Gonzalez-Martinez SC, et al. Patterns of population structure and
environmental associations to aridity across the range of loblolly pine (Pinus
taeda L., Pinaceae). Genetics. 2010;185(3):969–82.
20. Quesada T, Gopal V, Cumbie WP, Eckert AJ, Wegrzyn JL, Neale DB, et al.
Association mapping of quantitative disease resistance in a natural
population of loblolly pine (pinus taeda L.). Genetics. 2010;186(2):677–86.
21. Palle SR, Seeve CM, Eckert AJ, Wegrzyn JL, Neale DB, Loopstra CA.
Association of loblolly pine xylem development gene expression with
single-nucleotide polymorphisms. Tree Physiol. 2013;33(7):763–74.
22. Poland JA, Rife TW. Genotyping-by-sequencing for plant breeding and
genetics. Plant Genome. 2012;5(3):92–102.
23. Neale DB, Wegrzyn JL, Stevens KA, Zimin AV, Puiu D, Crepeau MW, et al.
Decoding the massive genome of loblolly pine using haploid DNA and
novel assembly strategies. Genome Biol. 2014;15(3):R59.
24. Wegrzyn JL, Liechty JD, Stevens KA, Wu L-S, Loopstra CA, Vasquez-Gross HA,
et al. Unique features of the loblolly pine (pinus taeda L.) megagenome
revealed through sequence annotation. Genetics. 2014;196(3):891–909.
25. Neves L, Davis J, Barbazuk B, Kirst M. Targeted sequencing in the loblolly pine
(Pinus taeda) megagenome by exome capture. BMC Proc. 2011;5 Suppl 7:O48.
26. Neves LG, Davis JM, Barbazuk WB, Kirst M. Whole-exome targeted
sequencing of the uncharacterized pine genome. Plant J. 2013;75(1):146–56.
27. Neves LG, Davis JM, Barbazuk WB, Kirst M. A high-density gene map of
loblolly pine (Pinus taeda L.) based on exome sequence capture
genotyping. G3 (Bethesda). 2014;4(1):29–37.
28. Zimin A, Stevens KA, Crepeau MW, Holtz-Morris A, Koriabine M, Marçais G,
et al. Sequencing and assembly of the 22-Gb loblolly pine genome.
Genetics. 2014;196(3):875–90.
29. Quinlan AR, Hall IM. BEDTools: a flexible suite of utilities for comparing
genomic features. Bioinformatics. 2010;26(6):841–2.
30. Li H, Handsaker B, Wysoker A, Fennell T, Ruan J, Homer N, et al. The sequence
alignment/Map format and SAMtools. Bioinformatics. 2009;25(16):2078–9.
31. Keller I, Bensasson D, Nichols RA. Transition-transversion bias is not
universal: a counter example from grasshopper pseudogenes. PLoS Genet.
2007;3(2), e22.
32. Slatkin M. Linkage disequilibrium—understanding the evolutionary past and
mapping the medical future. Nat Rev Genet. 2008;9(6):477–85.
33. Neale DB, Savolainen O. Association genetics of complex traits in conifers.
Trends Plant Sci. 2004;9(7):325–30.
34. Namroud M-C, Guillet-Claude C, Mackay J, Isabel N, Bousquet J. Molecular
evolution of regulatory genes in spruces from different species and
continents: heterogeneous patterns of linkage disequilibrium and selection
but correlated recent demographic changes. J Mol Evol.
2010;70(4):371–86.
35. Krutovsky KV, Neale DB. Nucleotide diversity and linkage disequilibrium in
cold-hardiness-and wood quality-related candidate genes in Douglas fir.
Genetics. 2005;171(4):2029–41.
36. Browning SR, Browning BL. Rapid and accurate haplotype phasing and
missing-data inference for whole-genome association studies by use of
localized haplotype clustering. Am J Hum Genet. 2007;81(5):1084–97.
37. Kang HM, Zaitlen NA, Wade CM, Kirby A, Heckerman D, Daly MJ, et al.
Efficient control of population structure in model organism association
mapping. Genetics. 2008;178(3):1709–23.
38. Weir BS, Cockerham CC. Estimating F-statistics for the analysis of population
structure. Evolution. 1984;38(6):1358–70.
39. Raj A, Stephens M, Pritchard JK. fastSTRUCTURE: Variational inference of
population structure in large SNP data sets. Genetics. 2014;197(2):573–89.
40. Pessino M, Chabot ET, Giordano R, DeWalt RE. Refugia and postglacial
expansion of acroneuria frisoni stark & brown (plecoptera: perlidae) in north
America. Freshw Sci. 2014;33(1):232–49.
41. Maggs CA, Castilho R, Foltz D, Henzler C, Jolly MT, Kelly J, et al. Evaluating
signatures of glacial refugia for North Atlantic benthic marine taxa. Ecology.
2008;89(sp11):S108–S22.
42. Al-Rabab’ah M, Williams C. Population dynamics of Pinus taeda L. based on
nuclear microsatellites. For Ecol Manage. 2002;163(1):263–71.
43. Li H, Durbin R. Fast and accurate short read alignment with Burrows–
Wheeler transform. Bioinformatics. 2009;25(14):1754–60.
44. Danecek P, Auton A, Abecasis G, Albers CA, Banks E, DePristo MA, et al. The
variant call format and VCFtools. Bioinformatics. 2011;27(15):2156–8.
45. Wickham H. ggplot2: elegant graphics for data analysis. New York: Springer;
2009.
46. R Core Team. R: a language and environment for statistical computing.
Vienna: R Foundation for Statistical Computing; 2015.
47. Hill W, Weir B. Variances and covariances of squared linkage disequilibria in
finite populations. Theor Popul Biol. 1988;33(1):54–78.
48. Chang CC, Chow CC, Tellier L, Vattikuti S, Purcell SM, Lee JJ. Second-
generation PLINK: rising to the challenge of larger and richer datasets.
Gigascience. 2015;4:7.
•  We accept pre-submission inquiries 
•  Our selector tool helps you to find the most relevant journal
•  We provide round the clock customer support 
•  Convenient online submission
•  Thorough peer review
•  Inclusion in PubMed and all major indexing services 
•  Maximum visibility for your research
Submit your manuscript at
www.biomedcentral.com/submit
Submit your next manuscript to BioMed Central 
and we will help you at every step:
Lu et al. BMC Genomics  (2016) 17:730 Page 11 of 11
